Building occupant behavior drives significant differences in building energy use, even in automated buildings. Users' distrust in the automation causes them to override settings. This results in responses that fail to satisfy both the occupants' and/or the building automation's objectives. The transition toward grid-interactive efficient buildings will make this evermore important as complex building control systems optimize not only for comfort, but also changing electricity costs. This paper presents a data-driven approach to study thermal comfort behavior dynamics which are not captured by standard steady-state comfort models such as predicted mean vote. The proposed model captures the time it takes for a user to override a thermostat setpoint change as a function of the manual setpoint change magnitude. The model was trained with the ecobee Donate Your Data dataset of 5 min. resolution data from 27,764 smart thermostats and occupancy sensors. The
INTRODUCTION
The residential sector consumed 32% of the 101 quadrillion BTU of energy consumed in the US in 2018 [1] . The primary objective of this energy use was occupant comfort. Grid-interactive efficient buildings (GEBs) promise to turn these loads into assets for the grid through reducing, shedding, shifting, and modulating flexible building loads to balance renewable energy and help satisfy grid constraints [2] .
Currently, utilities use demand response programs (DRPs) to send messages, remotely switch loads, or change thermostat setpoints to shed peak demand. For example, National Grid's Smart Energy Solutions (SES) pilot study in Worcester, MA, reduced peak loads by 27%-31% [3] . If enough occupants opt-out or override these automated changes, then the DRP could face performance penalties. There were $3.7M of such penalties in 2017 [4] . Utilities model the effect of weather and other factors to improve the accuracy of their commitment to reduce load on the grid. However, the same controls are sent to all participants, regardless of their sensitivity to setpoint changes, reduced quality of service, or economics. Such strategies resulted in up to 30% of SES pilot participants overriding or opting-out of an 8-hr event, and 10% for a 3-hr event [3] .
In residential DRPs that switch-off HVAC systems during peak events or setback the thermostat (i.e., decrease/increase the setpoint heating/cooling season, respectively) [5, 6] , occupants may try to game the system by increasing the thermostat setpoint (i.e., in heating season) in anticipation of a demand response (DR) event [7] . Or, occupants who want to conserve energy may already have their thermostat set at the edge of their comfort zone, leading to extreme discomfort during DR events [8] . These user behaviors and subsequent overrides ultimately reduce the effectiveness of DRPs.
Personalized and predictive controls have been proposed to improve occupant satisfaction with building controls. However, in reviews by Mirakhorli and Dong [9] and Kim et al. [10] only two dynamic thermal comfort models are presented. In [11] a state-space model of thermal comfort is developed, but only validated with lab data from 13 subjects. A transient thermal comfort model is developed in [12] from 109 occupants, but for automotive applications. Real-time data on occupant comfort could improve occupant satisfaction through personalization. For example, Comfy® replaces the predicted mean vote estimator with real votes to determine thermostat setpoints for shared offices. Queries for real-time feedback should be limited though, as occupants have limited cognitive interest in reducing energy costs [13] .
Better predictive models of thermal comfort behavior might arise from an understanding of the internal processes that govern thermal comfort behavior. Cognitive Dissonance, Theory of Planned Behavior, and Social Cognitive Theory have been used to model energy use [14] , but these don't explicitly account for both choosing among options to improve comfort and physiological aspects. Occupant decision making can be modeled as an optimization problem with limited information and understanding of the system being optimized. Occupants' understanding of thermostats can be classified by two mental models: the incorrect valve theory mental model, which says that the larger the change to the thermostat's setpoint the faster the room will become comfortable, and the correct feedback theory mental model, which says that the room will reach the desired temperature as quickly as possible [15] . The occupant-building response thus consists of a building-physiology-cognition-decision feedback loop, such a modeling framework is presented in [16] .
This paper aims to model this input-output building-physiology-cognition processes, and is organized as follows: Section 2 provides an introduction to the data, describes data conditioning and feature extraction techniques used, and outlines the proposed modeling framework. Section 3 provides results and the insights extracted from the data; and Section 4 contains conclusions and future work.
MATERIALS AND METHODS
The goal of the methods below is to quantitatively understand the dynamics of occupant comfort relevant to thermostat overrides. Foundational to such an analysis is the ecobee Donate Your Data (DyD) [17] . The data is preprocessed to correct for noise and sensor bias. Feature vectors such as the magnitude and timing of overrides are extracted and aligned with behavior models. The results are compared to other studies of occupant thermal comfort behavior.
DATASET
ecobee's customers can choose to opt-in to the DyD data sharing program. Their data is anonymized and disseminated to "help scientists advance the way to a sustainable future" [18] . Similar large datasets are available from Pecan Street Inc. [19] and private utility datasets [3, 20] , but ecobee's dataset is unique in that it includes occupant sensing and accurate indoor temperature.
The entire dataset used for this paper contains records from ~27k homes in ~28 countries, primarily in the US. The dataset for each user includes all data from when the user joined the data sharing program through September 2018. Part of the data is user-reported metadata including number of occupants, area of the house, age of the house, etc., and part is collected by ecobee thermostats (sampled every 5 min) [18] : 
DATA CONDITIONING
The data was converted from CSV to MATLAB files and pre-processed to identify the temperature unit (Celsius or Fahrenheit) used, remove setpoint sampling errors, and de-noise the occupancy sensor data.
Each time the setpoint changed (SC), features where computed: the setpoint at previous setpoint change, the occupied time since last setpoint change, and the time to next setpoint change.
Identify User's Temperature Units (Celsius or Fahrenheit)
To understand a user's thermal discomfort and to identify data irregularities, it is important to know the setpoint units-Celsius or Fahrenheit; Celsius and Fahrenheit thermostats can be changed in 0.5° and 1.0° increments respectively. First, all setpoint changes are converted to °. If these ° increments modulo 0.5° are less than 0.001, the users is assumed to use °; if the ° increments modulo 1.0° are less than 0.001 the user is assumed to use °. About 2.5% of the users could not be identified as using ° or °C and their data are discarded.
Remove Setpoint Sampling Errors
Thermostat data is sampled every 5 mins by ecobee, and the occupant can manually change the setpoint at any time in that interval. Equation (1) shows how the sampled setpoint in the dataset � 1 is the time-P a g e 7 | 24 average of the setpoint at the beginning 0 and end 1 of the 5 minute interval, where the switch occurred at Δ minutes.
For example, Fig. 1 shows sampled setpoint increments with non-standard values (i.e., not multiples of 0.5°) indicating a setpoint change occurred between 0-5 min. and 10-15 min. respectively. Without knowing the precise time that the setpoint change occurred, it is impossible to estimate the actual setpoint at 5.0 minutes 1 . Instead, it is assumed that Δ = 2.5 min, and (1) is solved for 1 with observations of 0 and � 1 and rounded to the nearest 1.0 or 0.5° depending on the user, yielding the estimates shown. 
De-noise Occupancy Sensor Data
Focusing on the relationship between occupant comfort and thermostat setpoints, the data should be filtered to include only times when occupants where in the home as detected by any of the passive infrared (PIR) sensors on the ecobee thermostats and remote sensors in the home. The accuracy of PIR sensors are significantly biased, with false positive detection rates of only 3% but true positive detection rates of 33% [21] . To reduce the impact of false negatives, the data is filtered to 'fill in' short periods where the occupant may have been temporarily occluded from the sensor. The results in §3.1 show the effect of the length of this filtering window, from 0 to 120 minutes, on the average length of detected occupancy.
This algorithm assumes the user did not leave and return to the house within this period, but rather was home the entire time. To reduce the impact of the accuracy bias, the analysis below relies only on the high accuracy occupied data; although, the length of occupied segments will increase with filter width as the short gap between segments are filled in, joining the segments.
EXTRACTING SETPOINT CHANGE (SC) FEATURES
Each time the setpoint changed (SC), the datapoint is tagged as a programmed setpoint change (PSC) (e.g., due to a schedule or based on occupancy) or a manual setpoint change (MSC) (e.g., the occupant changed the setpoint to make themselves more comfortable or save energy). As mentioned in §2.2.3, only the MSC points where occupancy is continuously detected (for a period of less than 2 hours) in the filtered data following the previous SC were considered for analysis. Experiments by Kolarik et al. have shown that after two hours, occupants are fully adapted to the environment, thereby operating in steady steady-state with negligible dynamics [22] .
Initial analysis of the data ( §3.5) showed that ~60% of MSCs resulted in more energy consumption (e.g., increased/decreased the setpoint during heating/cooling, respectively), justifying the simplifying assumption of this study that during occupied periods, MSCs are caused by occupants trying to improve their comfort. This framing yields two important features from each MSC: the degree of discomfort (DoD),
i.e., the magnitude of the MSC; and the time to discomfort (TTD), i.e., the time elapsed following the previous SC.
BEHAVIOR MODELS
Each MSC is a consequence of a number of interdependencies between the house, the HVAC system, and the user [16, 23] [15] . Thermostat: Most residential HVAC thermostats maintain the temperature within the setpoint deadband by switching equipment on/off. 
ANALYSIS APPROACH
The methods are applied to the data in the order presented above. First, each users' temperature unit is identified and the setpoint data de-averaged. The relationship between occupancy filter length (no filter, 15 min., 20 min., 30 min., and 120 min.) on the length of occupied periods is then studied to identify a filter length that balances filling in false-negatives in the raw data with the potential for false-positives in the filtered data ( §3.1). Although, without ground-truth occupancy data, this can only be done heuristically. Even after choosing a filter length, the impact of the decision on each later analysis should be revisited.
After identifying each SC and then MSC, the time of day and duration until the next SC for each MSC will yield insights into schedule-based causes and energy impacts of user overrides ( §3.2). Studying the statistics of the TTDs for all the MSCs will show how dynamic user behavior is, and potentially question the efficacy of static ASHRAE comfort models for GEBs ( §3.3).
The events (e.g., away, awake, home, etc.) that lead to the SC preceding each MSC will yield insights into the relationship between the user and the thermostat, and potentially user mental models ( §3.4). The DoD for each MSC will yield further insights into the energy impacts of users' decisions based on the relative number of MSCs where setpoints are increased or decreased during heating or cooling.
The core analysis of this paper is the relationship between TTD and DoD and statistical quantification of the "time to discomfort" given the "degree of discomfort" ( §3.5).
RESULTS AND DISCUSSION
3.1 PRE-PROCESSING Fig. 3 shows the effect of the filter length on the detected periods of occupancy. The large number of short periods in the raw data indicates many false negatives that split up extended periods when the occupants are home (e.g., a few hours at home after work and before bed). As the filter length increases to 10 min., 20 min., and then 30 min., more and more of these broken apart long periods are stitched together, increasing the number of longer occupied periods suitable for comfort studies by a half an order of magnitude. The 120 min. filter decreases the number of noted occupied periods overall but yields more data points with occupied periods greater than 3.5 hrs., which may not be of use as most of the MSCs dynamics are assumed to take place within 2 hrs. of a triggering event. Moreover, while the 120 min. filter does convert false negatives to true positives, a lot of true negatives may also be converted to false positives. In other words, even when the person was not home for most of a 2 hr. period, the entire 2 hrs. were assumed to 0 1 2 3 4 Length of Noted Occupied Period (hr.) In lieu of ground truth or alternate occupancy data, the 30 min. filter seems to serve as the middle ground for false positives and false negatives and has also been used in prior studies [21] . 
TIME OF DAY AND DURATION OF OVERRIDES

TIME TO DISCOMFORT
To understand occupant behavior patterns that lead to MSCs, occupants' time to discomfort (TTD) is calculated. I.e., Fig. 6 statistically shows how long it takes for occupants, already in the space prior to the SC, to feel uncomfortable and make an MSC.
The majority of MSCs occur within the first 10 mins of an SC, where the occupant immediately notices or predicts the setpoint change. The more interesting cases are the increasing TTDs peaking around [15] [16] [17] [18] [19] [20] mins and exponentially trailing off. The plot is limited to 4 hrs. because the data after that is minimal, having a probability density of less than 0.01.
On average, occupants are in the space for 55 mins. prior to overriding the system; however, if the first peak is removed, the average shifts to 72 mins. The median time to discomfort of 15-20 min could be influenced by any of the factors of the building-physiology-cognition-action process and likely varies from person to person and building to building. The distributions of TTD for various occupancy filter lengths are also indicated in the figure. As expected, the unfiltered data shows more TTDs around the 15 min. median, while the 120 min. filter decreases the prevalence of these short TTD and increases the prevalence of longer (>1 hr.) TTDs. Over half of all MSC were overriding a previous setpoint by that user, not overriding the automation. It is possible that many of these overrides, some corresponding to the median in Fig. 6, could 
MENTAL MODELS
Approximately 20% of users override more than once in a row after an initial MSC, exhibiting traits related to the valve theory mental model. The 52% of users who made an override only once after an initial MSC increase during the heating season with an indoor temperature ~68°F. In the cooling season, 58% of these MSC increase energy use, while 57% increase the energy use in the heating season. See [17] for a thorough coverage of indoor temperatures and energy impacts in the DyD dataset. Probability of°F at T in the change in temperature of the MSC. The relationships between these variables could guide DRPs that setback thermostats to temperatures that would minimize overrides for the desired period, thus increasing DRP reliability. Fig. 9 : Degree of discomfort vs Time to discomfort; during occupied periods (Single-occupant households; 30 min. filter) Fig. 9 shows the decreasing relationship between TTD and increasing DoD. In the cooling season, ~28% of MSCs of -2°F took place within 10 mins., 50% took place within 30 mins., and 60% took place within 40 mins. Equation (2) and (3) are inverse exponential fits to these plots for 50% of the population considering negative DoDs during cooling season, and positive during heating season, respectively (i.e., MSCs that would result in an increase in energy use). DoD (°F) [22] that increasing temperatures are sensed at different rates than decreasing temperatures, yet the results presented here suggest that difference could be seasonally affected.
IMPACT OF MANUAL SETPOINT CHANGES
It should be noted that the pre-processing done for this analysis, using a 30 min. filter, plays an important role in determining the TTD. Fig. 10 shows the relationship between DoD and TTD for different occupancy filters. As expected, the TTD increases as the occupancy filter length increases, due to more data of longer occupied periods entering the MSC dataset used for analysis. Moreover, the number of MSCs continuously occupied following the previous SC (within 2 hrs.) increases with the length of the filter. E.g., the number of 1-2°F MSCs for no filter, 30 min. filter, and 120 min. filter are ~4k, 7k, and 10k respectively. dataset, which consists of ~27k homes (including homes that users report as "single occupant" and "multiple occupant," as well as no reported category). Similar to Fig. 9 , the contour lines in Fig. 12 shows the relationship between TTD and DoD. The contours are smoother for Fig. 12 using the entire dataset, due to the availability of more MSC data points. Table 1 compares key values between Fig. 9 and Fig. 12 , namely the period after which 50% of the population will have become uncomfortable and trigger an MSC (i.e., TTD-50%) for low and high magnitudes of discomfort (i.e., DoD). The similarity in these numbers seems to indicate that social factors have little appreciable impact on thermal comfort behavior dynamics as observed through thermostat changes. 
CONCLUSIONS
This paper analyzed ecobee's "Donate Your Data" dataset of ~27k smart thermostats to illustrate and understand the dynamic nature of occupant thermal comfort behavior, especially relating to thermostat use. The analysis focused on the subset of data self-declared as single occupant homes to best understand individual behavior; however, extending the methods to the entire dataset did not substantially change the results. Each manual setpoint change (MSC) in the data was identified and those which were occupied continuously following the previous setpoint change (SC) were considered for analysis. The analysis then assumed that the previous SC led to the occupants' discomfort and the MSC set the thermostat to a comfortable temperature.
Programmed setpoint changes (PSCs) accounted for less than half the events preceding the MSCs,
showing that many occupants have not programmed their thermostat or are overriding decisions they previously made while continuously occupying the space. This later behavior, an apparent iterative process of finding comfortable setpoints, supports the finding in other literature that ~30% of occupants have an incorrect valve theory mental model of how a thermostat works [15] . About 60% of the MSCs in both heating and cooling modes resulted in increased energy consumption.
The principal result of this analysis captures the input-output relationship of the building-physiologycognition-action process that leads to an MSC correcting discomfort caused by a previous SC. An understanding of this process will be important for designing adaptive and personalized grid interactive efficient buildings (GEBs). The time it takes for an occupant to notice and correct a setpoint is often nearly instantaneous (if they predict the thermostat schedule or the hear/see the thermostat change), but the majority of MSCs occur some occupied period after the SC. This time to discomfort (TTD) is inversely exponentially related to the degree of discomfort (DoD): in both heating and cooling mode, 50% of occupants will take less than ~30 min. to correct an SC that makes them 2° too cool/warm, but less than ~15 min. for being 8° too cool/warm respectively.
These results could be immediately useful to demand response programs (DRPs) to choose the duration and magnitude of connected thermostats setbacks that will result in statistically acceptable load curtailment accuracy, by estimating not only override rates, but timing as well. Further accuracy improvements could be made by creating personalized models of thermal comfort behavior dynamics for deploying personalized DRPs that maximize curtailment and reliability. Further research is required to truly understand these phenomena however, as this behavior is an outcome of a complex multidisciplinary feedback loop encompassing building physics, human physiology, cognition, and decision making.
